Abstract-This paper proposes a method of finding the optimal position of unmanned aerial vehicles (UAVs) functioning as a communication relay node to improve the network connectivity and communication performance of a team of ground nodes/vehicles. A three-dimensional complex urban environment containing many buildings is considered where the line-of-sight between ground nodes is often blocked. The particle swarm optimisation is used to find the optimal UAV position using three different communication performance metrics depending on the requirement. Numerical simulations are performed to show the advantage of using relay UAVs and the specific metric in sample scenarios. An indoor proof-ofconcept experiment is also performed to show the feasibility of the proposed approach in a real time.
I. INTRODUCTION
Ensuring communication between ground mobile agents/nodes reliably in urban environments is a quite challenging problem due to the limited bandwidth and effective range of the communication equipment and physical obscuration or occlusion [1] . In particular, the line-of-sight (LOS) between ground nodes is often obstructed by buildings and other terrain features; this affects the communication signal strength and consequently makes a ground-based radio communication unreliable and inefficient. Satellite communication (SATCOM) could be used instead, however, it has a limited spatio-temporal availability as the satellite follows a pre-planned orbit and the signal can still be blocked or delayed in urban environments. With the emergence of low-cost and robust small unmanned aerial vehicles (UAVs) as well as significant advancement of the communication technology, small UAVs can be used to address the urban communication problem. The UAVs can be optimally placed in the urban environment to improve communication performance between ground agents while functioning as airborne relay nodes. The relay UAVs can solve the majority of shortcomings of SATCOM and ground-based communication with its mobility in a sense that: i) UAVs can be deployed rapidly anytime and to anywhere; and ii) they can easily change position to mitigate the LOS block problem.
There are various approaches addressing the optimal positioning problem for UAVs to maintain network connectivity or improve communication performance of a networked team. They can be largely divided into [2] , [3] in terms of the performance metric used: i) model-based approaches where a known model of the communication environment is used to compute/predict the communication performance between the networked team members and ii) measurementbased approaches where online communication quality measurements such as received signal strength indication (RSSI) or the signal to noise ratio (SNR) are used.
For the model-based approaches, the number of connections to each UAV is used as the communication performance metric and it is combined with a flocking algorithm to maximise the number of connected nodes [4] . Ibrahim et al. [5] proposed the use of UAVs to improve second smallest eigenvalue of the Laplacian matrix of the network graph which leads to better network connectivity. Energy consumption and particle swarm optimisation (PSO) was considered in [6] where the UAV travels in a pattern which minimises the energy but maximises the UAV-ground nodes connection time. Several communication metrics were used to find the best position or trajectory of UAVs which maximises the communication performance of the team [7] , [8] .
For measurement-based approaches, the measured RSSI is used to create a force of attraction towards last known neighbour if the given number of connections to UAV drops to one or less [9] . Lee et al. [10] used the SNR while combining adaptive gradient estimation and efficient flying technique to provide a long endurance relaying capability. SNR was also used in [11] where gradient estimation was used to guide multiple UAVs to optimal position between two ground nodes. Similarly, Choi [12] proposed a manoeuvring scheme which minimises ergodic link capacity to each of the ground nodes.
Building upon the previous model-based approach [7] , [8] , this paper proposes the optimal positioning algorithm to deploy relay UAVs in a way to ensure network connectivity and maximise communication performance of the networked system, while connecting all team members with the minimum communication links and cost. Note that most aforementioned works only consider two dimensional (2-D) open field environment with no obstacles or buildings. In order to address this limitation, this work considers a 3-D urban scenario with several ground nodes scattered in the environment. The optimal position of relay UAV is found by the particle swarm optimisation (PSO) with three different communication performance metrics: global message connectivity (GMC), worst case connectivity (WCC) and modified global message connectivity (mGMC). The GMC and the WCC are used to improve the overall communication performance of the entire team and the poorest/weakest link only, respectively, as used in [7] , [8] . Meanwhile, the mGMC proposed in this paper uses the certain number of poor connections to meet the desired communication requirements by combining the benefit of the GMC and the WCC.
The paper is structured as follows. Section 2 provides the problem scenario and the overview of the proposed approch. Section 3 provides the detailed description on the proposed optimal positioning algorithm. Section 4 shows the result of numerical simulations and an initial indoor flight experiment. Lastly, section 5 provides conclusions and future work.
II. SCENARIO AND ALGORITHM OVERVIEW
A sample scenario is shown in Figure 1 . The yellow dots represent ground nodes which are assumed to be performing their own mission, blue triangles represent communication relay UAVs, and cuboids are the buildings. The red lines represent best possible communication links connecting all ground nodes and UAVs. Several assumptions were made through this work. First, the knowledge of an urban environment and ground nodes positions is assumed to be known since the preliminary mission plan and the urban map can be obtained prior to the mission. Changes from the planned path are also assumed to be available in advance (for instance, the local change of the path can be reported to the ground control station before vehicle executes the new path) so that the updated ground vehicles positions can be used to calculate the new relay UAV position. Besides, it is assumed that if a line-of-sight between nodes is obstructed by buildings, communication quality is significantly reduced. 
III. OPTIMAL RELAY UAV POSITIONING

A. Communication Model
To find the optimal UAVs positions, communication quality have to be modelled first. In this work, an open space communication model is considered, and extra penalties for the line-of-sight (LOS) block by buildings and UAV flight height are introduced. In particular, a realistic wireless channel propagation communication model based on the work of [7] , [8] is utilised. In this model, node i (be it the UAV or the ground vehicle) transmits a signal with the power of P i and observing noise σ 2 i while receiving signals from other nodes. The received signal-to-noise ration (SNR) Γ ij for a signal transmitted from the i-th node and received by j-th node is given as:
where G ij is a channel gain and can be expressed as:
where C ij is a constant accounting for antenna gains and shadowing, h ij is responsible for multipath fading, α is a path loss factor and D ij is the distance between the two nodes. For a successful message transmission, the SNR needs to be higher than the required minimal link quality γ. Also, if Rayleigh fading is assumed for a fading model i.e. h ij is the complex Gaussian with zero mean and unit variance, then the probability of successful transmission from i-th node to j-th node is equal to:
Currently effects like diffractions and reflections of a wireless signal due to presence of buildings are not considered to allow for quick and efficient computation. As more nodes (vehicles) are involved in the scenario, the communication network complexity increases significantly. Thus, sharing of information efficiently becomes a problem. To mitigate this issue, the minimum spanning tree (MST) is used to find the highest probability of successful transmission among nodes in the team using the minimum number of possible links. The MST is defined as subset of graph where all nodes are connected but there is no loops and having a minimum (or at least same as minimum, as there can be several minimum spanning tree in a single scenario) sum of edge weights [13] . In this work, the weighted edge cost between the two nodes (i.e. i and j) is defined by using the above probability of successful transmission as:
Note that, the lower the probability is, the higher the cost is, and this weight will be used as a optimisation cost to be minimised.
In order to account for buildings in an urban environment, an additional weight is considered. This weight is set relatively high to discourage connections through the buildings where the LOS is blocked as they reduce communication quality significantly as:
where W pb ij is a penalty cost due to LOS block. For LOS block detection, the Matlab toolbox written in INRA was used [14] . Although this cost is relatively simple to compute, the non-smooth W b ij due to building block can make the solution space highly non-convex containing many local minima, as illustrated in Fig. 3(a) . Note that this figure is used only for the illustration purpose showing a communication performance function of the global message connectivity metric when using a single relay UAV at different grid locations at a constant altitude (which will be explained later in detail). To avoid having too many local minima, a new weight is introduced by using the length of LOS block l b inside the building (i.e. the length of the intersection/overlap between the LOS and the obstructing building as illustrated in Fig. 4 ) as:
where l b is the distance of LOS intersection with obstructing building and W pb ij is a base cost. As can be clearly seen in Fig. 3(b) , the communication performance function is much smoother compared to the previous weight, which helps the optimisation process. Another additional weight is due to the UAV flight height restriction. Since the communication probability depends on the distance between nodes as in Eq. (3), it is likely that UAV's optimal position would be dangerously close to the ground and buildings around in order to maximise communication quality. To stop UAV approaching the ground, the minimum allowable UAV height needs to be imposed as a penalty weight as:
where W ph ij is a penalty cost due to the height restriction. It is worthwhile noting that this weight is not related to the communication in a strict sense; it only serves as a barrier to prevent UAVs from flying too low.
Finally, the total communication weight, W t ij , can then be expressed as:
B. Communication Performance Metrics
The optimal UAV position which maximise the communication performance of the team will be different depending on the performance metric (index) used in the optimisation. In this paper, three communication performance metrics are considered: the global message connectivity (GMC), the worst case connectivity (WCC), and the modified global message connectivity (mGMC).
a) Global message connectivity: The GMC is defined as a probability of message being successfully transmitted to all nodes within the minimum spanning tree (MST) [8] .
With known positions of all UAVs and ground nodes, the MST can be constructed using previously defined weight W t ij in Eq. (8) for n UAVs and m ground nodes. Let the matrix A ∈ R (n+m)×(n+m) represent the adjacency matrix of the MST for a given configuration, then A ij = 1 if the link from node i to node j is the part of the MST, and A ij = 0, otherwise. As the sum of the weights in MST is equivalent to the overall probability that a message is successfully transmitted, the performance index is simply equal to the sum of all connections within MST and can be denoted as:
Note that A and W t are dependent on 3-D location of UAVs and ground nodes, which can be represented asx pos ∈ R 3×n andx g,pos ∈ R 3×m , respectively. Thus, the UAV position can be found by minimising the performance index (J GM C (x pos ,x g,pos )) for the GMC with respect to UAV locationsx pos as: Figure 5 illustrates how to compute the GMC cost. The cost is a sum of all weighted connections, and this metric is focused on improving overall communication performance of the network, rather than focusing on specific links. b) Worst case connectivity: The WCC is represented as the link with the lowest probability of successful communication of all the links within the MST [8] . Thus, the UAV positioning problem can be formulated as minimising the weight of the worst MST link with respect to UAV locations x pos as: where M = {1, · · · , n + m} denotes a set which includes all the nodes in the network (i.e. m UAVs and n ground nodes). For this metric, the cost is the worst connection of the network as illustrated in Fig. 7 , and the UAV is positioned so that this connection is improved. This metric is very efficient at ensuring the network connectivity between several disconnected groups of nodes.
c) Modified global message connectivity: Note that the WCC focuses only on improving one worst connection while the GMC improves overall communication performance of the networked team but does not necessarily improve the poor connections (including the worst). If there are requirements for both overall and individual (i.e. between pairs of nodes) communication quality, neither of metrics explicitly satisfy requirements. To this end, the mGMC metric is designed as a compromise between previously discussed the GMC and the WCC. The mGMC metric uses a constant β as the number of weak connections in the initial MST (without UAVs) to be improved. This specific number of weak connections can be obtained by defining the desirable minimum communication probability P d of the network.
Firstly, from the desirable probability, the corresponding weight can be calculate as:
W d is then compared with W t ij for all i, j ∈ M in order to find weaker connections than the desired communication quality (probability) in the following manner:
where W tc ∈ R (n+m)×(n+m) . Lastly, the β can be computed as:
The computed β is used in the mGMC metric, by firstly rearranging the connectivity matrix into a vector: 
The mGMC focuses neither on overall communication performance nor the worst connection, but rather on improving a certain number of connections depending on user requirements. The computation of the metric is illustrated in a simple example in Fig. 8 . For this case, as β is 2 as W d = 1, the total mGMC metric cost is equal to 5.1.
C. Optimisation
A particle swarm optimisation (PSO) technique [15] is used to find the optimal position of relay UAVs which minimise the communication performance metrics defined as above. The PSO is chosen as it has the ability to solve complex non-smooth and non-convex problems. In the PSO algorithm, initially, particles are randomly spread over the problem space and they evaluate their cost functions. The next position is determined by computing velocity vector in 
where d denotes a problem space dimension, i represents the iteration step, ω represents the inertia of the particle, and ε is a correction factor. X ib , X gb and X c represent the best position of a given particle, the global best position (considering all particles) and the current position of the particle, respectively. v i,d is the particle velocity, and r 1 , r 2 , r 3 are random numbers from zero to one. The optimisation process is illustrated in Fig. 6 . The calculation stops once the convergence condition (e.g. the maximum number of iterations) is satisfied.
IV. NUMERICAL SIMULATION AND INDOOR FLIGHT EXPERIMENT RESULTS
Numerical simulations are performed to validate the proposed approach and compare three communication performance metrics one another. Communication parameters are taken from commercial-off-the-shelf Ubiquity pico station M2. Table I shows parameters of this kind of a low-cost and low-power communication equipment. 
A. A Sample Scenario
For a sample scenario, two relay UAVs and twelve ground nodes are used with 30 buildings in the urban environment. Figure 9 shows the optimal deployment results for relay UAVs using different communication performance metrics in the optimisation process. For J mGM C computation, β is set to three (or equivalently W d = 20) as a desired communication requirement.
Firstly, Fig. 9(a) shows the minimum spanning tree (MST) connection (shown as red lines) without using any UAVs. Many of connections are weak due to line-of-sight (LOS) block by buildings and relatively large distances between nodes. In particular, the weakest connection is between nodes 11 and 12 (represented by the green line) with the weighted edge cost of J W CC = 39.01. The sum of all connection (termed as the global cost, hereafter) in the MST for this sample scenario is J GM C = 281.4, while the sum of β worst connections is J mGM C = 167.2. Figure 9 (b) shows the result of using the global message connectivity (GMC) as the performance metric in the optimisation. As expected, the global cost was improved significantly as J GM C = 154.12. However, it is worth noting that, even though the connection between nodes 6 and 12 is very weak (W t 612 = 20.13, which is above desired communication quality), it is not improved by using the GMC. This is because placing the UAV in between nodes 6 and 12 would improve only one connection while the purpose of the GMC metric is to improve communication quality of all connections globally.
Using the worst case connectivity (WCC) as the performance metric is shown in Fig. 9(c) . There are two notable connections improved by this metric: between nodes 11 and 12 and nodes 6 and 12. As a result, the worst connection within the MST is now 16.3 instead of 20.13 as in the previous case. However, the global cost is the worst among three metrics as J GM C = 186.04. This is because this metric does not consider global communication performance while focusing only on improving the one worst connection.
Finally, the proposed metric, the modified global message connectivity (mGMC) is used on the same scenario with β = 3 as shown in Fig. 9(d) . For this performance metric, the global cost is J GM C = 163.1 which lies in the middle between the GMC (154.12) and the WCC (186.04) metrics, and the worst connection cost J W CC = 16.3 is the same as using the WCC as a metric. For the sum of three worst connections, this metric provides the best result J mGM C = 82.4 among three different metrics. Thus, the proposed mGMC Monte Carlo simulations are performed to confirm the aforementioned trends. The results presented above are averaged over 30 independent runs. Figure 10(a) shows how the global cost (i.e. J GM C ) changed by using three performance metrics with the increasing number of UAVs. Generally, the GMC metric (represented as a blue solid line) shows the best result, but the mGMC metric result is not much worse, especially for the small number of UAVs. This is because with the small number of UAVs there are a significant number of weak connections, and improving those can have a dramatic impact on the global cost. The WCC shows the worst performance in terms of the global cost similar to a sample scenario case. Figure 10(b) , with the worst connection as a metric, shows the opposite situation to the GMC as in Fig. 10(a) . The WCC has the best performance in terms of the worst connection (i.e. J W CC ), and shows the faster reduction of worst connection cost of all three metrics while the GMC metric shows the worst performance. From Fig. 10(c) , it can be observed that, for β = 3 worst connections, the mGMC shows the best performance in terms of the sum of three (β) worst connections, while the other two metrics provides worse performance.
B. Monte Carlo Simulation
(a) J GM C cost (b) J W CC cost (c) J mGM C cost
C. Indoor Flight Experiment
To validate the algorithm, an indoor flight experiment 1 was performed using a quad rotor UAV and three unmanned ground vehicles (UGVs) in an artificial urban environment. Each vehicle is equipped with a Raspberry pi B+ integrated with a commercial off-the-shelf autopilot (ardupilot 2.6 [16]) for on-board position control. The proposed optimal position finding algorithm is run on the external computer (i.e. ground control system), and computed desired positions are send to the UAV via Wi-Fi network. Communication amongst UGVs and UAV in experiment is purely virtual due to insignificant signal strength loss from artificial buildings. A Vicon motion tracking [17] system is used to provide accurate position information of the vehicle in an indoor environment. For the experiment, the mGMC metric is used as a performance metric with β = 3, and there are three set of waypoints for the UGVs to visit in the mission scenario. Figure 11 (a) shows the optimal position of the UAV for the initial waypoints of UGVs with red lines representing the MST. In this case, the UAV is required to function as a relay between all three UGVs as the line-of-sight (LOS) between all of them is obstructed by buildings. For the next UGV waypoints shown in Fig. 11(b) , the UGV in the middle lane and the UGV in the right lane changed their position, which makes the LOS to each other blocked. The UAV ensures communication between those two vehicles. As the other UGV (in the left lane) has a direct LOS to the middle lane UGV, those two are directly connected, not through the relay UAV. For the final UGV waypoints shown in Fig. 11(c) , the UAV moves to the position which improves communication between UGVs in the middle lane and the right lane as the LOS is blocked.
V. CONCLUSIONS AND FUTURE WORK
This paper has discussed optimal placement of relay UAVs to improve communication performance of the ground mobile network in an urban environment. The communication performance metric, termed as the mGMC, was proposed to find the optimal UAV position which satisfies the desired communication requirement of the network. Numerical simulations showed significant improvements of the probability of successful communication using relay UAVs, and an indoor flight test showed potential for the near real-time algorithm execution. One of the main improvements will be the implementation of a more accurate urban communication networking modelling, possibly combining modeland measurement-based approaches mentioned in Section I. Another future extension will be a decentralised scheme where UAVs do not have full knowledge of every vehicle positions.
